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Deciphering long-range chromatin interactions is critical for understanding temporal and tissue-specific gene expression regulated by cis- and trans-acting factors. By combining the
chromosome conformation capture (3C) and biotinylated dCas9 system, we previously
established a method CAPTURE-3C-seq to unbiasedly identify high-resolution and locusspecific long-range DNA interactions. Here we present the statistical model and a flexible
pipeline, C3S, for analysing CAPTURE-3C-seq or similar experimental data from raw
sequencing reads to significantly interacting chromatin loci. C3S provides all steps for data
processing, quality control and result illustration. It can automatically define the bin size
based on the binding peak of the dCas9-targeted regions. Furthermore, it supports the analysis of intra- and inter-chromosomal interactions for different mammalian cell types. We successfully applied C3S across multiple datasets in human K562 cells and mouse embryonic
stem cells (mESC) for detecting known and new chromatin interactions at multiple scales.
Integrative and topological analysis of the interacted loci at the human β-globin gene cluster
provides new insights into mechanisms in developmental gene regulation and network
structure in local chromosomal architecture. Furthermore, computational results in mESCs
reveal a role for chromatin interacting loops between enhancers and promoters in regulating
alternative transcripts of the pluripotency gene OCT4.

Introduction
In eukaryotic cells, DNA is packaged into chromatin by histones and associated proteins complexes resulting in chromatin through hierarchical architectures [1–3]. The dynamic regulation of chromatin structure underlies many other nuclear processes, including transcription
and replication by altering DNA accessibility to the regulatory factors [4, 5]. Chromatin
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interactions are defined as contacts among chromosomal regions that may be far from each
other along primary DNA sequence but close in the 3D space. The multiscale spatial organization of chromatin interactions has been shown to play important roles in many cellular processes [6–9]. Moreover, aberrant chromatin interactions are often linked to human diseases
including cancers and are considered as the main contributing factors in disease development
[10, 11]. Therefore the identification of the three dimensional chromatin structure is crucial to
decipher normal genome functions and how the disordered chromatin interactions are linked
to divergent diseases.
Several methods have been established to enable high-throughput analysis of long-range
chromatin interactions. Among these, Chromosome Conformation Capture (3C) [12] and its
derivatives 4C [13], 5C [14], ChIA-PET [15, 16], Capture-C [17, 18], HiChIP [19] and Hi-C
[20, 21] are based on proximity ligation of spatially close chromosomal loci [22]. While these
assays have significantly improved our understanding of the spatial and functional organization of genome, distinct limitations have been observed with each method. Specifically, 3C, 4C
and 5C-based assays only detect interacting loci with pre-defined PCR primers and oligonucleotide probes [22, 23]. ChIA-PET and HiChIP focus on chromatin interactions mediated by
pre-defined protein factors such as RNAPII, CTCF, RAD21 or other transcription factors
(TFs) [15, 16, 19, 24]. Hi-C often suffers from low coverage and low resolution for specific
genomic regions. As an alternative to 4C, the CAPTURE-3C-seq approach can unbiasedly
identify high-resolution and locus-specific long-range DNA interactions by combining 3C
and sequence-specific genomic targeting based on biotinylated dCas9 proteins [25, 26].
Here we present C3S, a model-based method and pipeline, for processing raw CAPTURE3C-seq datasets and determining the statistical significance of the detected chromatin interactions. C3S can automatically define the bin size based on the binding peak of the dCas9 targeted genomic region (bait region). It employs a series of negative binomial distributions for
spatially covering the random noise backgrounds of intra- and inter-chromosomal interactions separately, which could be introduced by distance-dependent random polymer ligation
and/or dCas9 off-target binding. When applied to CAPTURE-3C-seq data of the human β-globin gene cluster in K562 cells, C3S successfully identified known and new regulatory interactions that were subsequently validated to be required for the proper expression of β-globin
genes. Integrative and topological analysis of interacting loci and associated TFs uncovered
candidate TFs involved in mediating or maintaining these interactions. We also detected distinct chromatin interacting clusters between enhancers and promoters for variant transcripts
of OCT4 gene in mouse ESCs, providing new insights into the role of alternative enhancerpromoter usages in the regulation of transcriptional variants.

Materials and methods
C3S workflow
To detect locus-specific long-range chromatin interactions, we developed the CAPTURE-3Cseq method using in vivo biotinylated dCas9 and sequence-specific sgRNAs to capture longrange DNA interactions associated with targeted genomic loci (or bait regions) (Fig 1A) [25,
26]. This protocol employs paired-end sequencing reads with one end localized at bait regions
and the other end at interacting chromosomal regions. If the other end is at the same chromosome, the paired end indicates an intra-chromosomal interaction, if each end is on different
chromosomes, an inter-chromosomal interaction. Intra-chromosomal interactions are important in the identification of CTCF loops and enhancer-promoter interactions [16, 24], while
inter-chromosomal interactions may indicate co-localized nuclear hub regions [27–29] (Fig
1B). Considering that intra- and inter-chromosomal interactions are associated with different
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Fig 1. C3S workflow. A. A schematic of detecting chromatin interactions by CAPTURE-3C-seq. The biotinylated dCas9-based ChIP-seq was
used to define the bait region. The red triangles denote the peak intensities and different red lines indicate long-range interactions associated
with different significance scores. B. Two typical examples of intra- and inter-chromosomal interactions. C. The workflow of C3S pipeline.
C3S takes raw reads as input and output multiple types of information for subsequent analysis. Detailed steps can be found in S1 Fig. D.
Distance-based distributions are observed for random intra-chromosomal interactions. The dotted line shows that the distributions are
similar after 20kb distance. E. Correlation between means and variances of distributions is shown.
https://doi.org/10.1371/journal.pone.0236666.g001

levels of background noise, we established different Bayesian models to evaluate the significance of intra- or inter-chromosomal interactions. The method we developed consists of an
automatic pipeline from raw reads processing to final significance calling (Fig 1C, S1 Fig). The
outputted files support visualization and integrative analysis by genome browser.
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Public datasets used
The public datasets of CAPTURE-3C-seq are available at Gene Expression Omnibus (GEO)
database with the accession number GSE88817. The ChIP-Seq data was retrieved from the
ENCODE data repository site [30]. The genomic view of long-range genome interactions,
ChIP-Seq, DNase-Seq and RNA-Seq data were obtained and exhibited by using the WashU
EpiGenome Browser [31]. A summary of the used datasets is listed in S1 Table.

Reads alignment and pairing
Raw pair-end reads of CAPTURE-3C-seq were mapped to human (hg19) or mouse (mm9)
genome assembly as single-end reads using Bowtie2 [32] with the default parameters. Considering that some unmapped reads may be generated by proximity ligation after DpnII digestion, unmapped reads were trimmed with DpnII digestion sites GATC and the longer
fragment (>20bp) was remapped. In our tested data, we found that 2%~5% of total reads can
be remapped after this trimming procedure. All mapped reads were merged before performing
quality trimming using MAPQ>30. The mapped reads from two individual mapping files
were then paired, and the paired reads with same positions at both ends were considered as
PCR duplicates and discarded.

Define the size of bait region
For data analysis of chromatin interactions, it is important to define the bin size in order to calculate the significance of interactions between two chromosomal loci (bins). Previous studies
of 4C, 5C, Hi-C and Capture-C usually used fixed bin sizes including 2kb, 4kb, 10kb, 40kb
based on different sequencing depths to define the interacted regions [13, 17]. Since the peak
size of dCas9/sgRNA-targeted genomic regions may be variable in different experiments and
chromosomal loci due to differences in sgRNAs and/or chromatin accessibility, the fixed bin
size may result in inaccurate positioning of bait regions. To avoid the arbitrary assignment of
bait regions, we used MACS2 [33] to calculate the bait region as the peak region surrounding
the sgRNA target site. Considering that MAC2 may fail to output the binding peaks for some
bait regions that have weak dCas9/sgRNA binding signals, we designed a heuristic method to
position the peak of bait regions. To do this, we first defined the local background by using the
average reads depth of 100kb surrounding region of the sgRNA target site. Starting from the
sgRNA target site, we smoothed the reads depth for each base position as the average depth of
its up- and downstream 50 bp, and we continually counted the positions containing higher
reads depths than local background as the bait region.

Bayesian mixture model of detecting chromatin interactions
After defining the bait region, we partitioned the chromosomes as bins with the same size as
the bait region. We then extracted pair-end sequence tags (PETs) that have distinct genomic
locations at one or both ends of the pair-end reads within bait region, and classified the PETs
into three categories. 1) PETs with both ends located within the bait region were considered as
self-ligated reads and discarded. 2) PETs with only one end located within the bait region were
considered as the interactions from bait region to other chromosomal regions. 3) PETs with
neither end located within the bait region were considered as random ligations or interactions
associated with dCas9 off-target regions and used as the noise background. Considering that
the interaction background for random ligations located at the same or different chromosomes
may be different, we used two different background models to calculate the significance for
intra- and inter-chromosomal interactions.
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(1) Model for intra-chromosomal interactions. To analyze the significance of intrachromosomal interactions, we first collected interaction values Xd of any two regions that have
distance of d times (d � 1) of bait region size l in the same chromosome (excluding the bait
region) as the noise background of intra-chromosomal interactions. For a given distance dl,
we randomly selected 10000 paired regions from the same chromosome and counted interaction distributions of Xd. First, we found that the means of Xd were decreased when distances
increased, but the distributions were similar after 20kb distance (Fig 1D). The variances are
bigger than means for all different distance-based distributions. Furthermore, linear regression
analysis showed that variances are proportional relationships with means (Fig 1E), indicating
that Xd could be following a negative binomial distribution (NB), e.g. Xd~NB(rb, pb), parameter
rb is the number of unknown failures and pb is the probability of success. To understand this,
!
Xd þ rb 1
r
ð1 pb Þ b pb Xd and
we have the probability mass function of NB as pðXd Þ ¼
Xd
then the variance/mean ratio is 1 1pb > 1 (given pb < 1).
Since the distributions were different before 20kb distance but similar after that, we
employed a series of Bayesian mixture models to describe interaction background with different distances of dl � 20k, and one model for paired regions with distances bigger than 20kb.
For each negative binomial distribution, we counted interactions among them as the background, and estimated its parameters by using maximum likelihood estimator in Python package ‘statsmodels’. Thus, Xd can be used as the random interaction frequency between any two
chromosomal regions (with distance of dl). Given the true observation xd as the number of
PETs from the bait region to another chromosomal region with dl distance, we calculated Pvalues to reflect the significance of xd as p(xd) = p(Xd < xd). The bigger p(xd) indicates lower
possibility of random interactions that are bigger than xd, suggesting higher confidence of
interactions between the bait region and the chromosomal region. We also used the Bayesian
factor (BF) to compare the hypothesis H0 that specific interactions have occurred between the
bait region and a given chromosomal region against the alternative hypothesis H1, representing no interactions between them. The BF is a strength measure for comparing two hypotheses, providing a natural way to control false discovery rate (FDR). Here, we assigned the prior
odds P(H1)/P(H0) as 0.001, indicating that random collision bigger than true interactions is a
rare event. Based on previous BF interpretation method [34], interactions with BF more than
20 are considered as high-confidence interactions.
(2) Model for inter-chromosomal interactions. For interactions between the bait region
and other regions on different chromosomes, we developed the background model by using
the random collisions among different chromosomes. Since the spatial organization of chromosomes in cell nuclei may cause different random collisions, we constructed models for the
bait-region-localized chromosome (bait chromosome) and each other chromosome. To obtain
enough background signals, we first extended the bait region to 1 Mb and split all chromosomes into 1 Mb regions. We randomly selected 10000 region pairs containing one end from
the bait chromosome (excluding the bait-region) and the other end from another chromosome. We counted the PET numbers for these region pairs as the background for bait chromosome and the chromosome. The random interactions are also fitted as negative binomial
distribution. Thus, we employed chromosomal specified background models for significance
calling of inter-chromosomal interactions. We then calculated the P-value and Bayesian factor
to determine whether the interactions from the bait region to inter-chromosomal regions were
significant.
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Software implementation and data visualization
C3S is implemented using python and shell scripts that can be easily installed on Linux operating system. C3S can be downloaded from https://github.com/YONGCHENUTD/C3S. C3S
provides the intra- and inter-chromosomal interactions that can be visualized using WashU
EpiGenome Browser [31]. Considering that the interactions generated from CAPTURE-3Cseq are usually sparse, we store the output files as interaction lists. Then the integrative and
coordinated analysis can be performed within the same browser.

Results
Quality control in Capture-3C-Seq data analysis
We applied C3S to the CAPTURE-3C-seq data of the human β-globin gene clusters containing
5 upstream DNase I hypersensitive sites (HS1-5) at locus control region (LCR) and the linked
β-like globin genes. The β-globin gene cluster contains well-defined CTCF-mediated longrange DNA interactions (or looping) between the flanking HS5 and 3’HS1 insulators. We first
analyzed the long-range interactions associated with dCas9-captured 3’HS1 insulator. After
aligning ~76.5 millions raw reads to the hg19 reference genome independently, we achieved
mapping ratios of 89.54% and 88.95% for two independent replicate CAPTURE-3C-seq experiments. After filtering low mapping quality reads, 75.98% and 76.79% reads were kept for subsequent analysis (Fig 2A). To avoid the hard threshold for defining bait region using a fixed
bin size of 2kb or 3kb used in Hi-C experiments [13, 17], C3S provides a flexible way to define
the bait region. The bait region of 3’HS1 was calculated as 2628bp for the sgRNA targeted
genomic region. After defining the size of the bait region, a total of 11692 PETs were classified
into three categories, intra-chromosomal PETs, inter-chromosomal PETs and self-ligated
PETs. We found 98.5% of PETs to be self-ligated PETs with both ends in the bait region, indicating a high sgRNA targeting efficiency. There are 118 (1%) PETs linking bait region with different regions at the same chromosomes and 57 (0.5%) PETs linking bait region with regions

Fig 2. C3S quality controls and basic statistical analysis. A. Statistics metrics of read alignment. B. The percentages
of three types of PETs including intra-chromosomal PETs, inter-chromosomal PETs and self-ligated PETs. The
numbers in bracket show the percentages of different PETs among total PETs. C. PET count distribution of intrachromosomal interactions.
https://doi.org/10.1371/journal.pone.0236666.g002
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from other chromosomes (Fig 2B). The spatial distributions of PETs are counted for both
intra- and inter-chromosomes (Fig 2C). For the 118 intra-chromosomal PETs, we found that
they are mainly located within ±1M distance from the bait region (96/118 or 81.36%). Meanwhile, there are 80 PETs located at 3’ downstream and 38 at 5’ upstream (80/38 or 2.11 fold).
For the 57 inter-chromosomal PETs, we found they are almost uniformly distributed but with
relatively high numbers of PETs for chr3 (9 PETs) and chr7 (10 PETs) (Fig 2C).

Detecting intra-chromosomal chromatin interactions from local bait
regions
After the identification of PETs and bait regions, the C3S pipeline provides a computational
framework to determine the significance of interactions between the bait region and any
other chromosomal regions. As shown in Fig 1D, the random collisions decrease with the
increasing distance of two interacting loci, consistent with previous studies using Hi-C [20]
and ChIA-PET [15, 16]. To capture this spatial information, we used a series of negative binomial distributions for different interacting distance of two loci. This strategy is also important
considering that enhancer-promoter interactions are usually within tens to hundreds kb
within topologically associated domains (TADs) [16, 20]. By calculating the P-values and BFs,
we identified the significant interactions for subsequent analysis.
To evaluate the performance of C3S in detecting known and new interactions, we analyzed
the identified significant interactions (BF>20) associated with the 3’HS1 insulator. In total we
achieved 118 intra-chromosomal PETs, most of which are associated with the β-globin gene
cluster (62 PETs). Although most of 118 PETs were reported to have low BF scores, there are
two regions, the HS5 insulator and 3’ region of the OR51B4 gene, showing significant interactions with the 3’HS1 bait region (Fig 3A). We found that the interactions between 3’HS1 and
HS5 regions were also observed by several independent datasets including a strong interaction
signal reported by CTCF ChIA-PET analysis [16]. The same interaction signal is also confirmed by 5C and Hi-C experiments (Fig 3A). Based on signals of DHS and ChIP-seq of
CTCF, Rad21 and SMC3, we observed strong signals at both HS5 and 3’HS1 regions, consistent with their insulator function. We further searched all the TF ChIP-seq datasets from
ENCODE project and identified many TFs associated with both regions (Fig 3B). Thus, the
integrative analysis of TF binding signals demonstrates that the interactions between 3’HS1
and HS5 regions are mediated by CTCF and cohesin complexes. We then analyzed the interactions between 3’HS1 and the 3’ region of the OR51B4 gene. Although there is no interaction
signal based on CTCF and RNAPII ChIA-PET, the interactions are confirmed by Hi-C analysis (Fig 3A). Moreover, we found that this region is associated with strong DHS and H3K4me1
signals, suggesting a possible cis-regulatory element (indicated by arrowheads, Fig 3A) for the
human β-globin gene cluster. From over 200 available TF ChIP-seq datasets, we identified 17
TFs co-localizing with the interacting region (blue bar indicated, Fig 3B). These results suggest
that our method not only identifies known CTCF-mediated long-range DNA interactions, but
also uncovers other interactions with potential regulatory activities.

Detecting inter-chromosomal interactions
In addition to intra-chromosomal interactions, genomic loci on separate chromosomes are
also observed to frequently interact with each other in the nuclear space. Many examples of
inter-chromosomal interactions have been confirmed by DNA-FISH [35], SPRITE [27], and
validated to be involved in controlling gene expression in normal and diseased cells [36–38].
Often, in previous analyses of 3C, 4C, 5C, ChIA-PET and Hi-C data, the inter-chromosomal
reads pairs are often discarded, resulting in absence of inter-chromosomal interactions as
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Fig 3. Detecting intra-chromosomal interactions at the 3’HS1 region. A. The identified long-range interactions are shown together with
DHS, histone markers (H3K27ac, H3K4me1 and H3K36me3), CTCF, RAD21 and SMC3 binding signals from the ENCODE database.
Comparisons with 5C, in situ Hi-C, RNAPII and CTCF ChIA-PET are shown on the bottom. The arrows indicate the peak signals of DHS and
H3K4me1 that co-localize with the interactions at the 3’ region of the OR51B4 gene. B. ChIP-seq data of 33 TFs are shown. The right blue bar
denotes the 17 TF tracks with strong binding peaks at the 3’ region of the OR51B4 gene (Chr11:5310800–5320000).
https://doi.org/10.1371/journal.pone.0236666.g003
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Fig 4. Detecting inter-chromosomal interactions at the β-globin region. The light blue curves indicate
nonsignificant interactions, and the bold blue curves indicate 9 interactions with BF>20.
https://doi.org/10.1371/journal.pone.0236666.g004

represented in ENCODE and Roadmap web servers [31]. Given that the spatial organization
of chromosomes in cell nuclei may introduce a different background of random collisions
among chromosome pairs, we provide a series of models to detect the significant inter-chromosomal interactions. For each chromosome, we constructed a model for filtering the random
interactions between the bait region-containing chromosome and other chromosomes. By
combining 9 independent CAPTURE-3C-seq experiments at 9 independent bait regions at the
β-globin gene cluster, we obtained a total of 2582 inter-chromosomal interactions between the
β-globin region on chr11 and all other chromosomes. Although most of the interactions are
uniformly distributed among chromosomes, we detected 9 interacting regions on 8 chromosomes associated with significant interactions with the β-globin gene cluster (BF>20, Fig 4).
Interestingly, inter-chromosomal interactions were also observed in EndoC-βH1 cells, in
which 6 chromosomes (chr5, chr6, chr7, chr8, chr9 and chr15) were found to be physically
interacted with the promoter region of INS gene that is located ~2Mbp from the β-globin cluster [39]. Interactions from chr7 to chr11 were also independently detected in MCF-7, HMEC
and MDA-MB-231 using 4C methods [40]. Furthermore, the LCR region of the mouse β-globin gene cluster and CTCF proteins were found to be associated with inter-chromosomal
interactions by DNA-FISH and 4C experiments [41, 42]. It is important to note that the existing evidence is only based on 3C-mediated interaction assays or FISH-based imaging, and the
functional role of the identified inter-chromosomal interactions in regulating β-globin gene
transcription remains unknown. Nonetheless, the C3S method provides opportunities for the
identification and statistical analysis of inter-chromosomal interactions as candidate genomic
regions for further experimental validations.

Detecting chromatin interactions across cell models
To demonstrate the performance of C3S across cell models, we analyzed interactions identified
by the dCas9-captured super-enhancer for the OCT4 (Pou51) gene in mouse ESCs. OCT4 is a
transcription factor that acts as a master regulator of pluripotency in embryonic stem cells. At
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the 5’ upstream of the OCT4 gene, a super-enhancer was identified to contain 4 constituent
enhancers (E1 to E4; Fig 5B); however the interacting promoters and other cis-regulatory elements associated with these enhancers remained unclear [43]. By analyzing the CAPTURE3C-seq data for the OCT4 super-enhancer, C3S successfully outputted many significant longrange interactions between the captured super-enhancer region and other interacting regions
including the OCT4 gene as well as other genes including Cchcr1, Psors1c2 and Cdsn in the
chromatin neighbourhood (Fig 5A). Additionally, a very long distance interacting region
(~240kb) was identified between the 3’ region of this super-enhancer and the 5’ region of the
Ddr1 gene, which associated with strong DHS signals.
Interestingly, we observed distinct interactions between individual enhancers and the promoters of two transcript variants for the OCT4 gene (Fig 5B), consistent with two annotated
transcripts of mouse OCT4 gene in Refseq database [44, 45]. Importantly, while E3 and E4
interact strongly with both promoters (TSS1 and TSS2), E2 predominantly interacts with the
transcript variant 2 promoter (TSS2). These findings suggest that distinct enhancers and their
combinations within the same super-enhancer may interact with promoters of different transcript variants to regulate their transcription. Moreover, all the interactions detected at E1
were associated with local bait regions, suggesting that distinct long-range DNA interactions
may regulate different constituent enhancers within the same super-enhancer cluster. These
findings are reminiscent of our recent reports that a subset of super-enhancers is hierarchically

Fig 5. Detecting chromatin interactions associated with the OCT4 super-enhancer in mESCs. A. The zoom-out view of the captured chromatin
interactions at the OCT4 super-enhancer region (Chr17:35620000–35688000). B. The zoom-in view of the captured chromatin interactions at the OCT4
super-enhancer. The dotted ovals show two distinct promoter regions (TSS1 and TSS2) associated with clustered interactions with discrete constituent
enhancer (E1 to E4) (Chr17:35638700–35649500).
https://doi.org/10.1371/journal.pone.0236666.g005
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organized containing individual constituent enhancers associated with distinct chromatin
interactions and/or function [46, 47].

Integrative and topological analysis to understand functional genome
organization
By focusing on the β-globin gene cluster, we performed 9 independent CAPTURE-3C-seq
experiments to capture chromatin interactions associated with discrete cis-regulatory elements
including gene proximal promoters, distal enhancers, insulators, and other functional regions
(S1 Table). Using C3S on these datasets, we detected a number of significant interactions associated with one or multiple captured elements. We next performed topological and integrative
analysis of all the interacting profiles associated with the β-globin gene cluster. First, we
merged all the interactions from 9 CAPTURE-3C-seq experiments and identified 12 genomic
loci containing strong long-range chromatin interactions and enrichment of TF binding peaks
(Fig 6A and 6B). At the flanking regions, 3’HS1 is connected with the HS5 at LCR by a CTCF
loop, consistent with an insulated neighbourhood [5]. We observed that the interactions associated with the HBD-1k intergenic region can be classified into two directions, which topologically separate the β-globin gene cluster into two subgroups. The first subgroup consists of the
HBB and HBD genes, whereas the second subgroup includes the HBG1, HBG2 and HBE
genes. In K562 cells, the HBB and HBD genes are repressed, whereas HBG1, HBG2 and HBE
are highly expressed. Our results suggest that the HBG-HBD intergenic region may serve as a
major chromatin structural point in controlling expression of activated and repressed β-like
globin genes. Second, we performed integrative analysis of the interacting regions with TF
ChIP-seq datasets in ENCODE database. We found that the 12 interacting loci highly overlap
with binding peaks of 33 TFs (Fig 6B), where the chromatin structural proteins CTCF, Rad21,
SMC3, Znf143 and RFX5 are mainly associated with two insulators 3’HS1 and HS5. We also
observed that the 3’HS1, HBD-1k, HS3 and 3’ region of the OR51B4 gene are associated with
more abundant chromatin interactions than other loci, suggesting that they may serve as the
major interacting hubs at the β-globin gene cluster (Fig 6C). Importantly, we observed that
some interactions are highly consistent with the interactions detected by the RNAPII ChIAPET analysis, suggesting that they may be RNAPII-mediated interactions. However, many
interactions associated with 3’HS1, HBD-1k, HS3 and 3’ OR51B4 do not overlap with RNAPII-mediated interactions, indicating that CTCF or other unknown TFs may be involved in
maintaining chromosomal architectures at these loci. Our results showcase that the C3S software can process the CAPTURE-3C-seq data for integrative and topological analysis of chromatin structure at the captured genomic loci. These results not only provide new insights into
the transcriptional regulation of complex gene clusters, but also identify de novo DNA interactions and associated cis-elements for functional follow-up studies.

Discussion
Systematic analysis of genome scale and locus-specific long-range chromatin interactions is
critical for understanding chromosomal architectures in gene regulation. With the availability
of 3C, 4C, 5C, ChIA-PET, HiChIP, Capture-C, Hi-C and CAPTURE-3C-seq datasets in various model systems, it is of great importance to develop improved computational models for
data analysis and integration. C3S is a model-based method for processing the raw CAPTURE-3C-seq data, defining the size of bait region, and determining the statistical significance
of the chromatin interactions. It provides quality control at different steps and several output
formats for visualization and statistical analysis. By using a series of models, C3S can also
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Fig 6. Integrative and topological analysis of long-range interactions and TF binding at the human β-globin gene cluster.
A. Integrative analysis the β-globin gene cluster by histone modifications and captured long-range DNA interactions. B.
Potential TFs with ChIP-seq binding signals overlapping with the interacting genomic loci at the β-globin gene cluster. C.
Topological plotting of the chromatin architecture at the β-globin gene cluster.
https://doi.org/10.1371/journal.pone.0236666.g006
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process spatial and spectrum signals for noise filtering and detect high-confidence chromatin
interactions at multiple scales.
C3S was successfully applied to CAPTURE-3C-seq data of the β-globin gene cluster in
human K562 cells and the OCT4 super-enhancer in mouse ESCs. Known and new regulatory
interactions were identified to be associated with the regulation of various globin genes and
the local chromatin structures. By integrative analysis of TF binding profiles from ChIP-seq
studies, we identified 33 TFs that are associated with 12 major interacting loci at the β-like globin gene cluster. Furthermore, C3S has the ability to analyze inter-chromosomal interactions
that are usually discarded in 3D genome analyses. Although most of the inter-chromosomal
contacts appear to be random interactions, there are several loci associated with significant
interactions with the β-globin cluster. Many of the identified interactions at the β-globin cisregulatory elements are either supported by independent RNAPII ChIA-PET analysis, or by
multiple ChIP-seq data such as CTCF, Rad21 and SMC3. These findings suggest that the
locus-specific chromatin interactions may be classified into structural and regulatory interactions. By applying C3S to the OCT4 super-enhancer-associated interactions in mESCs, we
identified distinct interactions between individual enhancers and promoters of different transcriptional variants. These findings indicate that distinct chromatin interactions and/or function are associated with different or hierarchical enhancer organization of a super enhancer.
Therefore, the systematic analysis of locus-specific chromatin interactions provides new
insights into the underlying principles governing 3D genome organization. Our results establish C3S as an efficient method for processing CAPTURE-3C-seq data across different cell
types to elucidate the hierarchical organization of locus-specific chromatin interactions in
mammalian genomes.

Supporting information
S1 Fig. Detailed pipeline steps of CAPTURE-3C-seq analysis. The output data files and the
processing steps are marked as light green and white respectively.
(TIF)
S1 Table. Genomic datasets of CAPTURE-3C-seq and ChIP-seq for K562 and mESCs used
in this study.
(XLSX)

Acknowledgments
We would like to thank Dr. Benjamin R. Carone for the helpful discussions and critical
reading.

Author Contributions
Conceptualization: Yong Chen.
Data curation: Xin Liu.
Funding acquisition: Jian Xu.
Investigation: Jian Xu, Michael Q. Zhang.
Methodology: Yong Chen, Xin Liu.
Project administration: Michael Q. Zhang.
Resources: Yong Chen, Xin Liu, Jian Xu.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236666 July 31, 2020

13 / 16

PLOS ONE

Modelling and detecting chromatin interactions

Software: Yunfei Wang.
Supervision: Jian Xu, Michael Q. Zhang.
Validation: Yunfei Wang.
Writing – original draft: Yong Chen.
Writing – review & editing: Yong Chen, Jian Xu.

References
1.

Boettiger AN, Bintu B, Moffitt JR et al. Super-resolution imaging reveals distinct chromatin folding for different epigenetic states, Nature 2016; 529:418–422. https://doi.org/10.1038/nature16496 PMID:
26760202

2.

Dekker J, Mirny L. The 3D Genome as Moderator of Chromosomal Communication, Cell 2016;
164:1110–1121. https://doi.org/10.1016/j.cell.2016.02.007 PMID: 26967279

3.

Jansma JM, de Zwart JA, van Gelderen P et al. In vivo evaluation of the effect of stimulus distribution on
FIR statistical efficiency in event-related fMRI, J Neurosci Methods 2013; 215:190–195. https://doi.org/
10.1016/j.jneumeth.2013.02.017 PMID: 23473798

4.

Sexton T, Yaffe E, Kenigsberg E et al. Three-dimensional folding and functional organization principles
of the Drosophila genome, Cell 2012; 148:458–472. https://doi.org/10.1016/j.cell.2012.01.010 PMID:
22265598

5.

Hnisz D, Day DS, Young RA. Insulated Neighborhoods: Structural and Functional Units of Mammalian
Gene Control, Cell 2016; 167:1188–1200. https://doi.org/10.1016/j.cell.2016.10.024 PMID: 27863240

6.

Babu D, Fullwood MJ. 3D genome organization in health and disease: emerging opportunities in cancer
translational medicine, Nucleus 2015; 6:382–393. https://doi.org/10.1080/19491034.2015.1106676
PMID: 26553406

7.

Sandhu KS, Li G, Poh HM et al. Large-scale functional organization of long-range chromatin interaction
networks, Cell Rep 2012; 2:1207–1219. https://doi.org/10.1016/j.celrep.2012.09.022 PMID: 23103170

8.

Li G, Ruan X, Auerbach RK et al. Extensive promoter-centered chromatin interactions provide a topological basis for transcription regulation, Cell 2012; 148:84–98. https://doi.org/10.1016/j.cell.2011.12.
014 PMID: 22265404

9.

Arzate-Mejia RG, Recillas-Targa F, Corces VG. Developing in 3D: the role of CTCF in cell differentiation, Development 2018; 145.

10.

Spielmann M, Lupianez DG, Mundlos S. Structural variation in the 3D genome, Nat Rev Genet 2018;
19:453–467. https://doi.org/10.1038/s41576-018-0007-0 PMID: 29692413

11.

Haraksingh RR, Snyder MP. Impacts of variation in the human genome on gene regulation, J Mol Biol
2013; 425:3970–3977. https://doi.org/10.1016/j.jmb.2013.07.015 PMID: 23871684

12.

Dekker J, Rippe K, Dekker M et al. Capturing chromosome conformation, Science 2002; 295:1306–
1311. https://doi.org/10.1126/science.1067799 PMID: 11847345

13.

van de Werken HJ, Landan G, Holwerda SJ et al. Robust 4C-seq data analysis to screen for regulatory
DNA interactions, Nat Methods 2012; 9:969–972. https://doi.org/10.1038/nmeth.2173 PMID: 22961246

14.

Dostie J, Richmond TA, Arnaout RA et al. Chromosome Conformation Capture Carbon Copy (5C): a
massively parallel solution for mapping interactions between genomic elements, Genome Res 2006;
16:1299–1309. https://doi.org/10.1101/gr.5571506 PMID: 16954542

15.

Li X, Luo OJ, Wang P et al. Long-read ChIA-PET for base-pair-resolution mapping of haplotype-specific
chromatin interactions, Nat Protoc 2017; 12:899–915. https://doi.org/10.1038/nprot.2017.012 PMID:
28358394

16.

Tang Z, Luo OJ, Li X et al. CTCF-Mediated Human 3D Genome Architecture Reveals Chromatin Topology for Transcription, Cell 2015; 163:1611–1627. https://doi.org/10.1016/j.cell.2015.11.024 PMID:
26686651

17.

Hughes JR, Roberts N, McGowan S et al. Analysis of hundreds of cis-regulatory landscapes at high resolution in a single, high-throughput experiment, Nat Genet 2014; 46:205–212. https://doi.org/10.1038/
ng.2871 PMID: 24413732

18.

Davies JO, Telenius JM, McGowan SJ et al. Multiplexed analysis of chromosome conformation at vastly
improved sensitivity, Nat Methods 2016; 13:74–80. https://doi.org/10.1038/nmeth.3664 PMID:
26595209

PLOS ONE | https://doi.org/10.1371/journal.pone.0236666 July 31, 2020

14 / 16

PLOS ONE

Modelling and detecting chromatin interactions

19.

Mumbach MR, Rubin AJ, Flynn RA et al. HiChIP: efficient and sensitive analysis of protein-directed
genome architecture, Nat Methods 2016; 13:919–922. https://doi.org/10.1038/nmeth.3999 PMID:
27643841

20.

Dixon JR, Selvaraj S, Yue F et al. Topological domains in mammalian genomes identified by analysis of
chromatin interactions, Nature 2012; 485:376–380. https://doi.org/10.1038/nature11082 PMID:
22495300

21.

Rao SS, Huntley MH, Durand NC et al. A 3D map of the human genome at kilobase resolution reveals
principles of chromatin looping, Cell 2014; 159:1665–1680. https://doi.org/10.1016/j.cell.2014.11.021
PMID: 25497547

22.

Dekker J, Marti-Renom MA, Mirny LA. Exploring the three-dimensional organization of genomes: interpreting chromatin interaction data, Nat Rev Genet 2013; 14:390–403. https://doi.org/10.1038/nrg3454
PMID: 23657480

23.

van Berkum NL, Dekker J. Determining spatial chromatin organization of large genomic regions using
5C technology, Methods Mol Biol 2009; 567:189–213. https://doi.org/10.1007/978-1-60327-414-2_13
PMID: 19588094

24.

Handoko L, Xu H, Li G et al. CTCF-mediated functional chromatin interactome in pluripotent cells, Nat
Genet 2011; 43:630–638. https://doi.org/10.1038/ng.857 PMID: 21685913

25.

Liu X, Zhang Y, Chen Y et al. CAPTURE: In Situ Analysis of Chromatin Composition of Endogenous
Genomic Loci by Biotinylated dCas9, Curr Protoc Mol Biol 2018; 123:e64. https://doi.org/10.1002/
cpmb.64 PMID: 29927077

26.

Liu X, Zhang Y, Chen Y et al. In Situ Capture of Chromatin Interactions by Biotinylated dCas9, Cell
2017; 170:1028–1043.e1019. https://doi.org/10.1016/j.cell.2017.08.003 PMID: 28841410

27.

Quinodoz SA, Ollikainen N, Tabak B et al. Higher-Order Inter-chromosomal Hubs Shape 3D Genome
Organization in the Nucleus, Cell 2018; 174:744–757.e724. https://doi.org/10.1016/j.cell.2018.05.024
PMID: 29887377

28.

de Laat W, Grosveld F. Inter-chromosomal gene regulation in the mammalian cell nucleus, Curr Opin
Genet Dev 2007; 17:456–464. https://doi.org/10.1016/j.gde.2007.07.009 PMID: 17884460

29.

Maass PG, Barutcu AR, Rinn JL. Interchromosomal interactions: A genomic love story of kissing chromosomes, J Cell Biol 2019; 218:27–38. https://doi.org/10.1083/jcb.201806052 PMID: 30181316

30.

Consortium EP. An integrated encyclopedia of DNA elements in the human genome, Nature 2012;
489:57–74. https://doi.org/10.1038/nature11247 PMID: 22955616

31.

Zhou X, Wang T. Using the Wash U Epigenome Browser to examine genome-wide sequencing data,
Curr Protoc Bioinformatics 2012; Chapter 10:Unit10 10.

32.

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2, Nat Methods 2012; 9:357–359.
https://doi.org/10.1038/nmeth.1923 PMID: 22388286

33.

Zhang Y, Liu T, Meyer CA et al. Model-based analysis of ChIP-Seq (MACS), Genome Biol 2008; 9:
R137. https://doi.org/10.1186/gb-2008-9-9-r137 PMID: 18798982

34.

Kass RE, Raftery AE. Bayes Factors, Journal of the American Statistical Association 1995; 90:773–
779.

35.

Spilianakis CG, Lalioti MD, Town T et al. Interchromosomal associations between alternatively
expressed loci, Nature 2005; 435:637–645. https://doi.org/10.1038/nature03574 PMID: 15880101

36.

Ling JQ, Li T, Hu JF et al. CTCF mediates interchromosomal colocalization between Igf2/H19 and
Wsb1/Nf1, Science 2006; 312:269–272. https://doi.org/10.1126/science.1123191 PMID: 16614224

37.

Lomvardas S, Barnea G, Pisapia DJ et al. Interchromosomal interactions and olfactory receptor choice,
Cell 2006; 126:403–413. https://doi.org/10.1016/j.cell.2006.06.035 PMID: 16873069

38.

Monahan K, Horta A, Lomvardas S. LHX2- and LDB1-mediated trans interactions regulate olfactory
receptor choice, Nature 2019; 565:448–453. https://doi.org/10.1038/s41586-018-0845-0 PMID:
30626972

39.

Jian X, Felsenfeld G. Insulin promoter in human pancreatic beta cells contacts diabetes susceptibility
loci and regulates genes affecting insulin metabolism, Proc Natl Acad Sci U S A 2018; 115:E4633–
E4641. https://doi.org/10.1073/pnas.1803146115 PMID: 29712868

40.

Zeitz MJ, Ay F, Heidmann JD et al. Genomic interaction profiles in breast cancer reveal altered chromatin architecture, PLoS One 2013; 8:e73974. https://doi.org/10.1371/journal.pone.0073974 PMID:
24019942

41.

Noordermeer D, de Wit E, Klous P et al. Variegated gene expression caused by cell-specific longrange DNA interactions, Nat Cell Biol 2011; 13:944–951. https://doi.org/10.1038/ncb2278 PMID:
21706023

PLOS ONE | https://doi.org/10.1371/journal.pone.0236666 July 31, 2020

15 / 16

PLOS ONE

Modelling and detecting chromatin interactions

42.

Simonis M, Klous P, Splinter E et al. Nuclear organization of active and inactive chromatin domains
uncovered by chromosome conformation capture-on-chip (4C), Nat Genet 2006; 38:1348–1354.
https://doi.org/10.1038/ng1896 PMID: 17033623

43.

Whyte WA, Orlando DA, Hnisz D et al. Master transcription factors and mediator establish superenhancers at key cell identity genes, Cell 2013; 153:307–319. https://doi.org/10.1016/j.cell.2013.03.
035 PMID: 23582322

44.

Liu X, Yu T, Sun Y et al. Characterization of novel alternative splicing variants of Oct4 gene expressed
in mouse pluripotent stem cells, J Cell Physiol 2018; 233:5468–5477. https://doi.org/10.1002/jcp.26411
PMID: 29266259

45.

O’Leary NA, Wright MW, Brister JR et al. Reference sequence (RefSeq) database at NCBI: current status, taxonomic expansion, and functional annotation, Nucleic Acids Res 2016; 44:D733–745. https://
doi.org/10.1093/nar/gkv1189 PMID: 26553804

46.

Huang J, Li K, Cai W et al. Dissecting super-enhancer hierarchy based on chromatin interactions, Nat
Commun 2018; 9:943. https://doi.org/10.1038/s41467-018-03279-9 PMID: 29507293

47.

Huang J, Liu X, Li D et al. Dynamic Control of Enhancer Repertoires Drives Lineage and Stage-Specific
Transcription during Hematopoiesis, Dev Cell 2016; 36:9–23. https://doi.org/10.1016/j.devcel.2015.12.
014 PMID: 26766440

PLOS ONE | https://doi.org/10.1371/journal.pone.0236666 July 31, 2020

16 / 16

